In this paper, a data set of Lithium-ion (Li-ion) laptop batteries has been studied with the aim of investigating the potential reusability of laptop batteries. This type of rechargeable batteries is popular due to their energy efficiency and high reliability. Therefore, understanding the life cycle of these batteries and improving the recycling process is becoming increasingly important. The reusability assessment is linked to the consumer behavior and degradation process simultaneously through monitoring the performance of batteries over their life cycle. After capturing the utilization behavior, the stability time of batteries is approximately derived. The stability time represents the interval that a battery works normally without any significant drop in performance. Consequently, the Reusability Likelihood of batteries is quantified using the number of cycles that the battery can be charged with the aim of facilitating future remarketing and recovery opportunities.
Introduction
Product reusability is often a function of physical deterioration and technological obsolescence. The potential of product reusability has been studied from different perspectives ranging from the "design for reuse" [1] , to the estimation of reliability and the remaining useful life (RUL) of a product [2] , and the economic assessment of reuse decisions [3] .
Although the discussion on product reusability is not new and the potential economic and environmental impacts of product reuse has been already discussed by prior studies, the research on analyzing consumers' behavior during previous life cycles and the impact of the intensity of using a product was subject to on the future reusability of multilifecycle products is very limited. To overcome this gap, the current study aims at assessing the future reusability of products through investigation of the actual product usage over previous life cycles and the product degradation process.
Different quantitative methods have been developed to estimate products' RUL using the technical and actual life information [4] . In addition, product reusability has been the point of interest at the early stages of product design with the aim of environmental impacts reduction [5, 6] . Pricing policy and second-hand market value estimation are other topics related to the reusability assessment [7] . Moreover, some studies have focused on analyzing the associated costs of product reuse [8] . Although methods have been suggested for assessing product reusability, studies that consider the impact of consumer behavior on the reusability assessment and EoU/L recovery are limited [9, 10] .
To be more specific about the reusability of Li-ion batteries, several studies have designed different experiments representing the actual working conditions to analyze the life cycle of Li-ion batteries, as one of the most important feature of these batteries. Battery age and temperature are among the common factors employed in those experiments [11] . Another group of studies is those which have provided different estimation methods on identifying batteries state of health, state of charge, and capacity loss [12] .
Although previous studies have tested various degradation and aging mechanisms under different conditions, sometimes spending several years of experimentation, to the best of our knowledge no study has reported any analyses on the performance of Li-ion batteries based on the actual dataset of consumer behavior profiles over several years of usage. The reusability assessment should be done combining both the consumer usage behavior and technical degradation process.
Dataset: Li-Ion Laptop Batteries
To assess the product reusability, the consumer behavior and product degradation process, a dataset of 507 same-brand Li-ion laptop batteries has been collected from an all-girl high school located in Burbank, IL. The technical and performance information of batteries have been gathered annually over their lifetime. The operating systems are enabled to report the used cycles and health status of Li-ion batteries. The battery technical characteristics include current weight, serial number, manufacturer, type (model), battery internal voltage, used cycles (the used charge-discharge cycles out of the maximum theoretical number of available cycles), full charge capacity (FCC, current fully charge capacity), status (dead or functional), design capacity (theoretic maximum charge capacity), usage time, class (user), and record date (the time that the battery characteristics are measured).
Analysis of Consumer Behavior: Battery Usage Cycles Over Time
The way in which a battery is used may influence its current and future performance. To reveal the impact of consumers' behavior, the number of used cycles for batteries is analyzed for different classes of students over 3 years of usage. Figure 1(a) shows the distribution of used cycles for all batteries with different ages. Used cycles refer to the number of times that the FCC of a battery has been used. As mentioned before, any battery can theoretically be used for a limited number of charge-discharge cycles. Looking at this distribution, we can conclude that this is not a unimodal continuous distribution. Before fitting appropriate distributions, it would be useful to see the students' behavior over the annual usage periods, their individual years of education. Therefore, the data have been separated into different groups based on two factors: (1) the years of usage (first year of battery usage, second year, and third year) and (2) the student class (class of 2011, 2012, 2013, 2014, 2015, and 2016 ). The resulting eight histograms and the best fitted distributions of the used cycle are depicted for different classes and years of usage in Figs. 1(b)-1(d). The best distribution is chosen based on the highest p-value of Goodness-of-Fit tests run for different distributions. The descriptive statistics of battery usage by different classes of students are summarized in Table 1 . To avoid prolixity, the four resulting histograms of used cycles have been compared using confidence intervals for the first year of usage (Fig. 2) .
The overlap between the 95% confidence intervals of different classes for the same year of usage illustrates the consistent behavior among different classes of students. Although there is a difference between classes 2012 and 2015 for the first year of usage, this might be assigned to different battery designs used by these two classes. Considering this point, the student class factor has been discarded and the data has been categorized into three groups based on the age of batteries regardless of the classes.
The number of used cycles during the lifetime of a battery is represented by random variable X i . To further clarify, X 1year is the total number of cycles that consumer has used during the first year of usage. The best statistical distributions have been fitted to the number of used cycles for each year employing KolmogorovSmirnov Goodness-of-Fit test. As seen, the number of used cycles follows lognormal distributions with the following parameters:
X 2years $ Log À Nð5:60; 0:14Þ (2)
X 3years $ Log À Nð5:90; 0:14Þ
The p-values are 0.91, 0.056, and 0.44, respectively. The expected life of usual Li-ion batteries is estimated to be in the range of 300-500 cycles (although it depends on the technology and usage conditions). Thus, the battery will reach this threshold in 3 or 4 years according to the revealed consumer behavior. Later, we will consider 300 cycles as the threshold for Li-ion batteries performance maintaining.
Product Degradation Process
After analyzing the average usage of batteries over several years as discussed in Sec. 3, the next step is to study the design aspect, and more specifically, the degradation process of Li-ion batteries. This degradation could be described by several characteristics such as the relative capacity, which equals (FCC/ design capacity) Â 100, and the amount of energy stored inside the battery. FCC represents the actual capacity of a battery over time.
The process of laptop Li-ion batteries degradation can be analyzed through Figs. 3 and 4. It should be noted that there are some variations in the values of battery technical characteristics, even for batteries with the same design. To provide better insights, the analysis is shown for type A battery.
Type A has the lowest design capacity (mAh), while type D has the largest. This figure reveals that the first 300 cycles can be regarded as the stable lifetime before the performance drops significantly. This threshold is selected roughly based on industry experts opinion for the current dataset, and it can generally change based on the technology progress. Therefore, a threshold of 300 cycles has been considered for the maximum available cycles, represented by X. A more precise value for threshold can be obtained through statistical methods.
The observed variation in the technical characteristics is due to different usage conditions and the impacts of controllable and uncontrollable factors such as the ambient temperature, the recharging habit, and amount of chemicals inside the cells.
Reusability Likelihood Assessment
The likelihood of reusability is defined as the chance of reusing the battery for the last remaining n cycles before it reaches the threshold value X. The first step of likelihood assessment is to calculate the probability that consumers have used the battery at most X-n cycles during the past i years as follows: In Eq. (4), A i (n, X) is the probability that the battery has at least n more cycles for reusing. For example, the shaded area in Fig. 5 shows the probability that a 1-year old battery has been used less than 200 cycles. Since X is the threshold for the number of cycles, this probability represents the chance that the battery can be used for at least 100 more cycles. Looking at the mean of distribution, a 3-year old battery has almost been used for more than 300 cycles and the probability that it has been used less than 300 cycles is so low. So far, we have discussed the minimum potential number of available cycles. The next question might be: Is the battery guaranteed to survive beyond n? To answer this question, an exponential-based survival function, S(n), has been defined. The survival function represents the probability that the used battery survives beyond n cycles. Using the information of 19 dead batteries, the value of k (the average number of used cycles to meet the first failure) is estimated as 2 Â 10 À3 1/cycle or 500 cycles for the mean cycles to failure. We use the estimator that minimizes the mean square error.k
In Eq. (5), C i is the number of used cycles before failure. Therefore, the likelihood of reusability (See Fig. 6 ) can be derived as follows: 
The interquartile range (IR) is the difference between the third and first quartiles that measures the variability. Fig. 2 The 95% confidence interval plots of the used cycles for the first year 
Reusability Economics
The reusability assessment approach can be applied in calculating the profitability of remanufacturing systems. The best recovery option for the returned product varies depending on the quality, functionality, and reusability of that product. For simplicity, consider a system in which remanufacturing, refurbishing, and material recovery are all possible recovery alternatives. The question is whether to remanufacture, refurbish a used item, or send it for material recovery?
A fixed profit for material recovery option and a linear profit function of n (remaining cycle for reusing) for remanufacturing and refurbishing profit have been assumed. Equation (9) represents the age-based expected profit of remanufacturing for a Li-ion battery with different age values (1, 2, and 3 years) . The remanufacturing cost value is equal to j Â (X À n), where j ($/ cycle) > 0 is the unit adjustment cost of remanufacturing. t ($/ cycle) is the unit adjustment price for remanufactured product determined by remanufacturers. A remanufactured battery is essentially the same as a new one. The second option would be refurbishing. In this case, the used Li-ion battery is sold as is without any major recovery actions. Therefore, the next consumer can reuse it for the remaining n cycles and only pays for the remaining available cycles. Similar to t, a ($/cycle) is the unit adjustment price for refurbished product. Then, the age-based expected profit value for these three options can be represented as follows:
¼ 1; 2; and 3 years
¼ 1; 2; and 3 years (10)
It can be observed that increasing the value of X (increasing the durability of product) will increase the age-based expected profit of both remanufacturing and refurbishing options (Fig. 7) . So far, what has been discussed was the age-based expected profit. To calculate the unconditional expected profit, the condition of returned batteries to recovery system (age) should be known. Let us consider w i as the percentage of all batteries with the same age i. It is assumed that the expected value of a battery with age more than 3 years is approximately zero. Then, the expected profit value for each recovery option can be obtained as follows:
The expected profit not only depends on the type of recovery option, but also on the pricing policy. To address the price policy question, an optimization model is developed by considering the market demand affected by the price. The demand percentage for the remanufactured and refurbished items is quantified through Eq. (15), where E RM and E RF are the positive price elasticity demand for the remanufactured and refurbished batteries
where
If the total demand percentage for the remanufactured and refurbished batteries is less than one, the rest of batteries will be sent to material recovery. Therefore, the objective function (total profit) can be calculated based on the total number of batteries returned for recovery, r, the percentage of batteries sent to each recovery option (demand) and the expected profit of each option Fig. 6 Estimation of reusability likelihood for batteries that have been used for 1, 2, and 3 years Fig. 7 The age-based expected profit of remanufacturing, refurbishing, and material recovery options based on X for a 1, 2, and 3 years old Li-ion battery
The Lagrange multipliers method has been used to solve the model. Since the objective function is a nonnegative linear combination of concave functions on the domain, it is a concave function as well. Therefore, the Karush-Kuhn-Tucker (KKT) conditions are both necessary and sufficient conditions for the optimality.
For any combination of parameters (X, j, E RM , E RF, q , r, w 1 , w 2, w 3 ), there is an optimal vector (t*, a*, k 1 * , k 2 * , k 3 * ) which maximizes the profit function, as shown in Table 2 .
A sensitivity analysis is done to show the impact of model parameters (price elasticity, cost of remanufacturing and cost of Table 2 The closed-form optimal solutions for the proposed model refurbishing) on the optimal price policy and the total profit. Figure 8 demonstrates the results of sensitivity analysis. In Fig. 8(a) , as the cost of remanufacturing increases, the remanufacturer will increase the price of remanufactured battery. The total profit will monotonically decrease. Once the remanufacturing or refurbishing are not profitable, then the only option is material recovery which results into a fixed profit. When the elasticity values increase, the best policy would be reducing the prices (Figs. 8(b)  and 8(c) ). Similar to Fig. 8(a) , the total profit will behave stationary after a threshold. Finally, the remanufacturer prefers to recover the material if the material recovery profit is sufficient.
Conclusion
This paper analyzed a data set of around 500 used Li-ion laptop batteries to provide insights on future reusability of batteries based on the battery's number of used cycles by previous consumers. Further, it has been shown how the reusability information can be employed to determine the most profitable EoU/L recovery plan and pricing policies.
For future study, the effect of reusability of product components on the RUL of the whole product can be analyzed and the market share can be estimated based on the reusability assessment. More data collection is needed to cover different categories of consumers and products. In addition, considering the uncertainty in market demands, its social and environmental impacts are another idea for future study as a strategic decision making problem.
